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Abstract  11 
Freshwater organisms remain at risk from bioaccumulation and biomagnification of 12 
persistent organic pollutants (POPs), but factors affecting their transfer through food 13 
webs are poorly understood. Here we investigate transfer pathways of polychlorinated 14 
biphenyls (PCBs), polybrominated diphenyl ethers (PBDEs) and organochlorine (OCs) 15 
through a river food web, assessing the distribution and flux between basal resources 16 
(n=3), macroinvertebrates (n=22) and fish (n=1). We investigate the effects of 17 
biological traits on observed patterns and use trait-based models to predict POP 18 
bioaccumulation. Transfer pathways differed among POPs and traits such as habitat 19 
affinity, feeding behaviour and body size explained some variation in POP burdens 20 
between organisms. Trait-based models indicated that relationships between POPs, 21 
trophic transfers and traits were relatively well conserved across a wider array of river 22 
food webs. Although providing more consistent predictions of POP bioaccumulation 23 
than steady-state models, variability in bioaccumulation across food webs limited the 24 
accuracy of trait-model predictions. As some of the first data to illustrate how 25 
ecological processes alter the flux of pollutants through river food webs, these results 26 
reveal important links between POPs and contrasting energetic pathways. These data 27 
also show the utility of trait-based methods in the assessment of persistent 28 
contaminants, but further field validations are required. 29 
Key words: bioaccumulation, biomagnification, ecological networks, organochlorines, 30 
PBDEs, PCBs, pesticides, legacy pollution, xenobiotics. 31 
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1. Introduction 32 
Xenobiotic pollutants – chemicals which do not occur naturally in the environment –  33 
are distributed widely across the Earth’s freshwater ecosystems1. These pollutants are 34 
particularly hazardous to individual organisms and have impacts through a diverse 35 
array of pathways, including endocrine disruption2. Multiple taxonomic groups are at 36 
risk, including microbes3, benthic invertebrates4, fish5 and aquatic birds6. In natural 37 
systems, these negative effects can transcend levels of biological organisation to 38 
affect populations, communities and ecosystems with consequences for ecosystem 39 
services and the functioning of the socio-biological system2,7. 40 
Legacy organic chemicals are a group of xenobiotic pollutants that have largely been 41 
withdrawn from legal use, but remain widespread across freshwater ecosystems either 42 
because of their persistence, or low-level recirculation from discarded materials, land-43 
fill or local illicit use8. Generally referred to as persistent organic pollutants (POPs), 44 
across Europe these chemicals often occur at relatively low environmental 45 
concentrations9, but their hydrophobic and lipophilic nature enables accumulation in 46 
freshwater organisms (invertebrates, fish, mammals) as well as significant 47 
magnification across the trophic levels of aquatic food webs10–15. Although the 48 
environmental concentrations of these chemicals might suggest a relatively low 49 
potential for ecological risks, long-term exposure, assimilation and subsequent 50 
accumulation and/or magnification of persistent contaminants could represent a 51 
continued threat to individual organisms, population and communities across the wider 52 
freshwater ecosystem2. 53 
Although the bioaccumulation and biomagnification of POPs are key to understanding 54 
ecological risks from persistent and hydrophobic chemicals, factors affecting transfer 55 
processes and cascading ecological effects across trophic levels are poorly 56 
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understood16,17. Existing research suggests that chemical characteristics, organism 57 
biology and environmental characteristics might interact to influence the distribution 58 
and concentrations of POPs in aquatic and terrestrial food webs12,13,18, with chemical 59 
structure and concentration particularly important15,19. Food web structure might also 60 
affect POP behaviour, but much of the existing work has involved relatively simple 61 
ecosystems with restricted taxonomic or functional diversity and limited trophic 62 
interactions. Thus, although the general principle of bioaccumulation and trophic 63 
magnification of persistent pollutants is well established13, there is limited knowledge 64 
of how complex, multi-layer trophic interactions affect POP transfers. This includes 65 
significant gaps in understanding how persistent organic contaminants might enter 66 
and pervade river food webs linked to basal resources arising from autochthony (i.e. 67 
in-river primary production) or allochthony (i.e. matter such as leaf-litter originating 68 
from the riparian zone or catchment). These two resources contribute significantly to 69 
carbon and energy fluxes throughout freshwater ecosystems and are fundamental to 70 
their functioning20. Any change in the transfer of energy from basal resources has the 71 
potential to affect organism exposure to contaminants across trophic levels. 72 
As well as insights from food-webs, biological trait analysis might also improve 73 
understanding of POP fluxes through ecosystems. Trait analysis has expanded 74 
generally in freshwater ecology, and has been applied to an increasing array of 75 
problems21. Although experimental studies have assessed the influence of biological 76 
traits on the accumulation of xenobiotic pollutants within the tissues of aquatic 77 
organisms22–25, the primary focus has been on physiological traits (e.g. size, growth) 78 
in just a small number of organisms from individual taxonomic groups. In natural 79 
systems, however, trait diversity is large26 and influences several processes through 80 
variations in: (i) morphological and physiological traits, including biomass, mouthpart 81 
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morphology and life-cycle duration; (ii) ecological traits, regulating events or 82 
processes, including factors such as time of emergence, growth rate and dispersal 83 
mechanisms; and (iii) behavioural traits, relating to the specific activities of the 84 
organism, for example feeding and habitat preferences. All might affect the transfer 85 
and effects of POPs in freshwater communities2. 86 
In this study, we aimed to assess transfer pathways of persistent pollutants 87 
(polychlorinated biphenyls [PCBs], polybrominated diphenyl ethers [PBDEs] and 88 
organochlorines [OCs]) through river food webs while also investigating the influence 89 
of biological traits on POP bioaccumulation across different aquatic taxa. Our focus 90 
on these legacy pollutants reflects their value as model substances whose distribution 91 
and behaviour are sufficiently well understood to aid in the development of methods 92 
for understanding the flux of compounds through food webs. We quantified POP body 93 
burdens and trophic interactions across a river food web in South Wales (United 94 
Kingdom), and used relationships among trophic transfers, biological traits and 95 
contaminant data to develop novel, trait-based models to estimate POP 96 
bioaccumulation across eight further UK river food webs. By comparing predictions 97 
from trait-based models and steady-state equations with direct measurements of 98 
bioaccumulation for invertebrate taxa, we tested the applicability of trait-based 99 
methods for field assessments of environmental pollution. We hypothesised that: 100 
1. The transfer of POPs through food webs occurs alongside the flux of energy 101 
associated with different aquatic resources 102 
2. Variation in bioaccumulation and biomagnification of POPs in food webs are 103 
related to biological traits 104 
3. Trait-based models suitably predict the bioaccumulation of persistent organic 105 
pollutants across multiple food webs 106 
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2. Methods and Materials 107 
2.1. Sample site and the T1 food web 108 
The analysis of bioaccumulation, biomagnification trophic transfer of persistent 109 
pollutants through a river food web focussed on a 20 m stretch downstream of the 110 
Cynon Valley Wastewater Treatment Works (WwTWs) discharge into the River Taff, 111 
South Wales (51°37’41.8” N, 3°19’45.4” W) (T1; Fig. 1). This facility receives 112 
wastewater from the Rhondda-Cynon Valleys (approx. 63,000 people), and involves 113 
primary and secondary treatment, consisting of settlement, mechanical filtering and 114 
biological processing using percolating filter-beds. The surrounding catchment is 115 
highly urbanised (~20%), and contains a range of pollution sources, including 116 
combined sewer overflows, storm drains and road runoff drains, all of which have 117 
previously been shown to contribute to anthropogenic pollution loads in the Taff river 118 
system27. The diversity of discharges and presence of legacy pollutants in benthic 119 
sediments and biota at this location make it suitable to assess pollutant transfer 120 
through the food web – which consist of a range of invertebrates, and fish taxa that 121 
are representative of other hill streams recovering from past insanitary pollution28,29.  122 
Samples were collected from 26 components of the river food web at T1 (May–August 123 
2017) including: basal resources (n = 3; microbial biofilm, macrophytes and sediment-124 
bound allochthonous detritus), invertebrate taxa (n = 21), benthic fish (n = 1). All 125 
samples were collected under consultation and licence from Natural Resources Wales 126 
(see Table 1 for taxonomic detail). Methods varied with sample type. For basal 127 
resources, we amalgamated sediment grab samples (2 g) and biofilm scrapes (4 cm2). 128 
Composite samples of whole organisms were used for invertebrate taxa (5–200 129 
individuals per taxon) and composite samples of livers for fish (n = 5 individuals). We 130 
used fish livers as this organ provides a short-term store of dietary lipids30, thus 131 
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allowing evaluation of the trophic transfers of POPs from prey items31. Although POP 132 
concentrations in liver tissue are generally higher than in other fish tissues, they reflect 133 
variation in POP concentrations in other tissues and among individuals32,33. 134 
Approximately 1–2 g of each sample was collected and stored at -80C rinsed glass 135 
vials (hexane/acetone; 1:1, v/v) until analysis (see Appendix S2 for detailed methods). 136 
3. Chemical analyses 137 
Environmental samples were analysed at the Centre for Ecology and Hydrology (CEH, 138 
Lancaster) for a range of contaminants (OCs: p,p’-DDT, p,p’-DDE and p,p’-DDD 139 
[TDE], dieldrin [HEOD], - and -hexachlorocyclohexane [HCH], hexachlorobenzene 140 
[HCB]; 36 PCB congeners and 23 PBDE congeners). Samples (0.5–2 g) were thawed, 141 
weighed accurately, ground with sand, dried with anhydrous sodium sulphate, spiked 142 
with internal recovery standards (13C OCs, 13C PCBs and 13C PBDEs), and Soxhlet-143 
extracted with dichloromethane for 16 hours. A small proportion of the extract was 144 
subsampled and evaporated to zero volume under N, the lipid content was then 145 
determined gravimetrically. The remaining extract was subsequently cleaned using 146 
automated size exclusion chromatography followed by solid phase extraction through 147 
an alumina glass column packed with pre-treated alumina (12 hours at 550 C) that 148 
was deactivated using deionised water 5% (w/w). The extract was divided into two: 149 
one fraction was spiked with internal standards (13C OCs an 13C PCBs) for OCs and 150 
PCBs, and 13C PBDEs for the PBDEs analyses. An aliquot of extract was injected into 151 
the gas chromatograph – mass spectrometer (Agilent, Wokingham, UK) using a 50 m 152 
(OCs and PCBs) or 25 m (PBDEs) HT8 column (0.22 mm internal diameter and 0.25 153 
m film thickness; SGE, Milton Keynes, UK), and programmable temperature 154 
vaporization inlet using different methods for OC/PCBs and PBDEs. Injector 155 
temperature was 250 C and helium was used as the gas carrier (2.0 mL min-1). An 156 
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isothermal temperature regime was programmed at 50 C for 2 min, then ramped at 157 
45 C min-1 to 200 C, 1.5 C min-1 to 240 C, 2 C min-1 to 285 C, 50 C min-1 to 325 158 
C and 350 C for 10 minutes. Compounds were in electron ionisation mode. The 159 
internal standard method was used to quantify residues as well as calibration curves 160 
of commercially available standards for PCBs and OCs (Greyhound Ltd, Birkenhead, 161 
UK), and PBDEs (LGC Ltd., Teddington, UK). A series of procedural blanks were 162 
concurrently run, and samples were corrected based on recovery spikes. Recovery 163 
values were relatively consistent across all sample media and all compounds (85.8–164 
103.9%). The detection limits for analyses averaged 0.04–0.11 ng g-1 wet weight for 165 
all PBDE and PCB congeners, and OC compounds (Appendix S2). 166 
Our metrics and concentrations are reported using wet weights (ww) for several 167 
reasons. First, for samples with low lipid contents, normalisation produces unreliable 168 
results, with unfeasible concentrations (e.g. >6000 ng g-1 lipid weight for invertebrate 169 
taxa). This reflects poor performance of gravimetric lipid calculations for samples with 170 
<1% lipid concentrations34. Second, there are arguments against lipid normalisation 171 
under certain circumstances, such as here, where there is marked variation in the 172 
relationship between lipid content, trophic level and chemical concentrations35. Third, 173 
it is erroneous to presume that chemicals partition only to tissue lipids in organisms36, 174 
and although hydrophobic contaminants bind to lipids, not all contaminants will be 175 
solely associated with these compounds Fourth, wet weight concentrations are used 176 
in both bioaccumulation models and environmental risk assessments37–39. We also 177 
use wet weight for sediments due to the relatively low variation in particulate organic 178 
matter content across samples (0.04–0.06%).  179 
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3.1. Quantitative food web construction 180 
To construct a quantitative network for the food web at T1, and to act as a basis for 181 
understanding pollutant flux, we used the trophic basis of production40. In outline, this 182 
uses of secondary production estimates while food web links are expressed as the 183 
flow of biomass from resources to consumers based on dietary information and 184 
estimates of secondary production that form the basis for energy flux (see Appendix 185 
S1). For macroinvertebrates, taxon-level secondary production (mg m-2 yr-1) estimates 186 
were derived from monthly samples over 2016–2017 (n = 36) in which individuals were 187 
identified to the lowest practical taxonomic unit (usually species or genus), counted 188 
and biomass derived from head width or body length measurement to the nearest 189 
0.1 mm (n = 9921) using a Nikon SMZ800N stereomicroscope (Nikon, Tokyo, Japan), 190 
with a Lumenera Infinity 1-1M camera (Lumenera, Ontario, Canada) and visual 191 
analysis software (Infinity Analyse, version 6.5.4). Individual biomass (mg dry weight) 192 
was then calculated following published length-mass relationships41,42, and secondary 193 
production was calculated using the size-frequency method43. For rare taxa (n < 5) 194 
production was estimated using the Production/Biomass (P/B) value for the most 195 
closely related taxa. Fish secondary production could not be directly estimated, and 196 
instead we used a P/B ratio (2.00) derived from existing literature44 coupled with an 197 
estimate of biomass (g m-2) generated from an electrofishing survey during July 2017, 198 
under licence from Natural Resources Wales. 199 
Trophic links between organisms were derived from gut dissection of individual 200 
macroinvertebrates (n = 545) and fish (n = 15) in which the digestive tract of each 201 
individual was removed, and relative proportions of prey items enumerated using a 202 
gridded graticule. Where possible, organic material was identified as either plant 203 
fragments (and other allochthonous detritus) or microbial biofilms (polysaccharide 204 
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chains, diatoms, algae and other aquatic primary producers). We calculated a mean 205 
value of the proportion of resources utilised for each taxon, including both basal 206 
resources and other invertebrates. These proportions were then used in conjunction 207 
with the trophic basis of production method, to quantify food webs40. Based on data, 208 
the total flux of biomass to consumers (consumption) for each taxon could be 209 
separated among resources from (i) microbial biofilms (autochthonous) or (ii) detritus, 210 
organic matter and plant fragments (allochthonous). 211 
The trophic level of each component of the quantitative food web (n = 26), was 212 
calculated based on invertebrate community data, and modelled links across the wider 213 
food web, which comprised of 71 taxa (see Windsor et al.29). Trophic levels were 214 
chain-averaged (1 plus the weighted average of chain length of paths from the 215 
organism to the basal resources), where weights are the flux of energy and materials45 216 
to allow for extrapolation across river food webs. We also report a more common 217 
metric, prey-averaged trophic level (1 plus the mean trophic level of the consumer’s 218 
resources), throughout the results section. 219 
3.2. Statistical analyses 220 
Data analysis used ‘R’ statistical software (version 3.4.0)46. Values for PCBs, PBDEs 221 
and OCs below the detection limits were noted throughout as not detected (ND), and 222 
for statistical analyses a value equal to the minimum detection limit (0.04 ng g-1 ww) 223 
was applied. Prior to further analyses a series of exploratory steps, following Zuur et 224 
al.47, were completed to understand the structure of POP concentration data 225 
(heteroscedasticity, normality, outliers) and to inform the selection of further statistical 226 
tests and models. 227 
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To address the first hypothesis we analysed covariation in POP and transfer pathway 228 
data directly using Generalised Linear Models (GLMs)48 with contaminant body burden 229 
data and data regarding the proportion of secondary production associated with the 230 
two types of basal resources (allochthonous and autochthonous). Further to this, these 231 
data were also used to calculate metrics describing the accumulation, magnification 232 
and transfer of POPs between organisms sampled from the T1 food web. Sediment 233 
bioaccumulation factors (BSAFs) for each taxon sampled were calculated using tissue 234 
concentration data in conjunction with the concentrations measured in sediment 235 
samples, following Equation 1: 236 
(1)                BSAF =  
CB
CSTO
 
where CB is the concentration of POP groups (PBDEs, PCBs and OCs) measured in 237 
the tissues of the target organism (ng g-1 ww) and CSTO is the concentration measured 238 
in organic matter and sediments (ng g-1 ww). Biomagnification factors (BMFs) were 239 
also calculated for taxa across the food web to assess the organism-specific levels of 240 
biomagnification, following Equation 2: 241 
(2)               BMF =  
CB
∑(Pi CDi)
 
where CB is the concentration of xenobiotic pollutants measured in the tissues of the 242 
target organism (ng g-1 ww), Pi is the proportion of prey organism or basal resource 243 
(sediments, detritus, plant material or microbial biofilm) observed in the diet of the 244 
target organism i (0–1) and CDi is the concentration of persistent pollutants measured 245 
in the tissues of the prey organism i (ng g-1 ww). 246 
For the second hypothesis, we used trait data for the macroinvertebrates sampled at 247 
the T1 food web, collated from a European fuzzy-coded trait database49, to investigate 248 
inter-taxon variation within communities50,51 and understand the consequences of 249 
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such structure for the transfer of pollutants. These trait data were supplemented by 250 
non-fuzzy, categorised feeding guild data for macroinvertebrate taxa of South Wales 251 
(Durance I & Ormerod S J, Unpublished data). Traits included those expected to be 252 
directly related to the accumulation of pollutants (e.g. feeding behaviour, trophic level 253 
and habitat affinity), as well as those that may indirectly alter accumulation, e.g. factors 254 
that determine the distribution of organisms in river systems and the pollution tolerance 255 
of taxa. In the following analyses, disaggregated trait data were utilised to assess the 256 
relationships between biological traits, bioaccumulation and biomagnification of POPs. 257 
Prior to trait-based modelling, trait affinity data were standardised across grouping 258 
features (overarching trait groups, for example feeding preference) to allow for 259 
improved comparisons between different traits and organisms. The exact methods 260 
used in the preparation and standardisation of fuzzy-coded trait data are described in 261 
more detail by Gutiérrez-Cánovas et al.52. Traits were selected initially based on their 262 
correlation with the BSAFs for each chemical group PBDEs, PCBs and OCs; Appendix 263 
S3) across the sampled taxa in the T1 river food web. We use BSAF values in models 264 
to minimise the effect of concentration-dependence which influences bioaccumulation 265 
of POPs and restricts the applicability of these models to other food webs where 266 
environmental concentrations may differ to those observed at the T1 food web. This 267 
allows for predictions across multiple sites, used to test the third hypothesis. Traits 268 
with an average coefficient of R ≥ |0.40| were selected for further analysis. For this 269 
subset of traits the relationships between trait affinity and the BSAF values for PBDEs, 270 
PCBs and OCs, were assessed using GLMs. Global models were constructed for each 271 
chemical using the corrected Akaike Information Criterion (AICc) and the dredge 272 
function in ‘MuMin’53. GLMs were then validated following procedures detailed in Zuur 273 
et al.54 and Thomas et al.55. Residual normality was assessed using QQ plots, 274 
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homogeneity of variance was determined by plotting residuals against fitted values 275 
and influential observations were investigated using Cook’s leverage distances. 276 
The third hypothesis was tested using the BSAF GLMs (detailed above), a steady-277 
state equation for estimating chemical bioaccumulation (AQUAWEB 1.2; Arnot and 278 
Gobas38), and a wider dataset of BSAFs calculated for invertebrate taxa from eight 279 
other river food webs sampled across South Wales, UK (Windsor56; Fig. 1). 280 
AQUAWEB models the bioaccumulation of non-ionic hydrophobic pollutants in 281 
organisms from concentrations in sediments and water by calculating the uptake and 282 
dietary transfer of chemicals. The model uses a series of toxicokinetic and 283 
toxicodynamic equations to predict the steady-state concentrations of compounds in 284 
compartments of the environment38. Through comparisons between the predictions 285 
from these two models and measured BSAFs, we assess the relative accuracy of both 286 
trophic- and trait-based models. Here we use Mean Absolute Error (MAE; Willmott and 287 
Matsuura57) calculated for relationships between the observed and predicted BSAFs 288 
to assess the performance and accuracy of models. 289 
4. Results 290 
4.1. Concentrations of PCBs, PBDEs and OCs in the T1 food web 291 
POP concentrations varied widely in organisms at T1 (Table 1) and over 55% of 292 
compounds analysed were detected in <10% of samples. This was particularly true 293 
for some of the scarcer congeners, and for example PCBs 31, 126 and 157 were only 294 
observed in sediments and microbial biofilms. Conversely, PBDE congeners 28, 49, 295 
99, 100, 153 and 154, PCB 52 and p,p’-DDT were only observed in tissue samples 296 
from invertebrates and fish. Rather than treatment at congener level, therefore, 297 
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concentration data were aggregated for different chemical groups (PCBs, PBDEs and 298 
OCs) in further assessments of bioaccumulation and trophic magnification.  299 
Total concentrations of PBDEs (Coefficient of variation [CV] = 0.61), PCBs (CV = 0.51) 300 
and OCs (CV = 0.64) remained highly variable across the T1 food web even after 301 
aggregation (Table 1). This, in part, reflected the magnification of POPs across trophic 302 
levels (Table 2), with predators such as C. gobio, E. octoculata and Polycelis spp. 303 
having the highest total concentrations of PBDEs, PCBs and OCs. Trophic level did 304 
not explain all variation, however (Table 3), and even some organisms feeding on the 305 
same resources and occupying the same trophic level had significantly differing 306 
pollutant concentrations at the same sample site (Table 1). 307 
4.2. Transfer pathways of POPs through the T1 food web 308 
Trophic transfer pathways at T1 appeared to differ among PBDEs, PCBs and OCs 309 
(Table 2). Chlorinated compounds, particularly PCBs, were associated with the flux of 310 
allochthonous carbon from benthic detritus and organic matter (plant fragments) in 311 
samples from sediments, with higher concentrations observed in taxa making use of 312 
a greater proportion of these resources (Table 2 and Fig. 2). Taxa consuming a greater 313 
mass of allochthonous resources, as well as those consuming secondary production 314 
derived from allochthonous resources, appeared to have higher PCB concentrations 315 
(R2 = 0.22, F1,20 = 5.68, p = 0.027). In comparison, higher concentrations of PBDEs 316 
were associated with the flux of autochthonous carbon, increasing in taxa consuming 317 
primary and secondary production derived from microbial biofilms (R2 = 0.48, 318 
F1,20 =10.79, p < 0.001). Despite these significant relationships, the low R2 values in 319 
these for models indicate unexplained variation in POP concentrations, and there was 320 
no relationship with either autochthonous or allochthonous carbon consumption and 321 
the concentrations or flux of OCs (R2 = 0.02, F1,20 = 0.33, p = 0.574). The majority of 322 
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residual variation instead reflected the biological traits of different invertebrates, and 323 
this is considered below (Table 3).  324 
4.3. Influence of biological traits on bioaccumulation 325 
Concentrations of POPs across the invertebrate food web were variable and related 326 
to biological traits, e.g. habitat affinity, substrate use, body size and voltinism (Table 327 
3). While there was some variation across chemical groups, biological traits explained 328 
a significant amount of the variation in PBDEs, PCBs and OCs across the food web 329 
(Table 3).  Models constructed from biological traits in the T1 food web were able to 330 
predict BSAFs for PBDEs and OCs (R2 = 0.92, F1,61 = 712.60, p < 0.001; Fig. 3A) with 331 
a relatively low error (MAE = 0.14). For PCBs, the prediction of BSAF values was 332 
hindered by the low detection frequency (Table 1), which resulted in a relatively poor 333 
R2 in the model. As such, BSAFs for PCBs were not predicted for validation sites. 334 
4.4. Multi-model comparisons 335 
In trait-based models used to predict BSAFs for invertebrates more widely across 336 
South Wales, the PCB model was weakest (R2 = 0.47; Fig. 3B). In contrast, for both 337 
OCs and PBDEs, trait-based models were outperformed the AQUAWEB model for 338 
predicting BSAFs across the catchments (Fig. 3), with trait-based models having 339 
stronger linear relationships between observed and predicted values (R2 = 0.22, 340 
F1,82 = 28.55, p < 0.001), as well as lower MAE for PBDEs and OCs, in comparison to 341 
AQAUWEB (R2 = 0.03, F1,82 = 2.51, p = 0.117). The inclusion of biological traits 342 
describing habitat affinities, physiological characteristics and trophic factors thus 343 
improved the accuracy and precision of predictions, although significant unexplained 344 
variation remained (R2 = 0.22). In general, predictions from the AQUAWEB model for 345 
PBDEs and PCBs were hindered by the infrequent detection of POPs in sediments 346 
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(coarse sand and gravel substrate), which often had concentrations below the mean 347 
limits of detection (~0.04 ng g-1 ww). As trait-based models were not reliant on 348 
environmental concentration data they were less affected by this problem. 349 
5. Discussion 350 
The flux of POPs through the T1 river food web occurred through pathways linked to 351 
primary and secondary production arising from both allochthonous and autochthonous 352 
resources. These trophic transfers did not explain all variation in the POP 353 
concentrations measured in organisms, and POP bioaccumulation was related to the 354 
physiological, ecological and behavioural biological traits of organisms. Trait-based 355 
models constructed from twenty invertebrate taxa captured significant variation in the 356 
BSAFs for POP compounds across a wider suite of river food webs across South 357 
Wales. Despite performing better than steady-state equations, however, trait-based 358 
models were only able to estimate BSAFs to within one order of magnitude. Both these 359 
prediction methods were hindered by the low detection frequencies of POPs across 360 
environmental matrices (sediments and biofilms), as well as the significant variation in 361 
bioaccumulation not related to the combination of trophic interactions, biological traits 362 
or environmental concentrations of POPs. In total, these findings show how 363 
physiological, phenological and behavioural traits, as well as trophic characteristics of 364 
organisms (e.g. feeding habits), affect the flux and accumulation of POPs, but also 365 
highlight the variable nature of pollutant transfers across aquatic food webs. 366 
There are several caveats over field-based assessments of pollutant transfers through 367 
food webs that should be considered when interpreting our findings. Firstly, although 368 
trait diversity was relatively high within the T1 food web, only a single food web was 369 
analysed in depth. Focusing on a single food web increased the potential influence of 370 
site-specific characteristics but limited the potentially confounding variation associated 371 
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with the structure of food webs and environmental conditions while capturing greater 372 
taxonomic and functional diversity than previous assessments. This, in turn, allowed 373 
for the construction of trait-based models and enabled predictions across sites. 374 
Secondly, there remain challenges associated with the use of fuzzy-coded trait data21: 375 
despite representing noisy data (e.g. size, feeding behaviour and substrate 376 
preferences), the multivariate nature of fuzzy coding makes the statistical assessment 377 
of relationships between groups of traits (e.g. feeding behaviour), trait affinities and 378 
other variables difficult. Our study assessed relationships between trait affinities and 379 
BSAF values, yet a more parsimonious approach would be to summarise the 380 
multivariate trait characteristics of individual taxa prior to modelling. Nevertheless, 381 
although trait-space methods exist for summarising and understanding the diversity of 382 
traits across taxa or communities (e.g. Gutiérrez-Cánovas et al.52), there are few 383 
suitable methods for consolidating fuzzy-coded trait data regarding individual taxa for 384 
predictive modelling purposes. Notwithstanding these caveats, our findings provide 385 
novel information about transfer pathways and the influence of biological traits on 386 
pollutant dynamics in natural systems. 387 
Contaminant data coupled with information on the flux of energy and material across 388 
trophic interactions indicated multiple transfer pathways of PBDEs, PCBs and OCs 389 
through the T1 food web. Although widely detected, groups of POPs (PBDEs, PCBs 390 
and OCs) appeared to be differentially distributed across food web compartments, with 391 
initial partitioning occurring in the basal resources and a subsequent proliferation 392 
through the network alongside the transfer of different resources. Such partitioning 393 
and differential distribution of POPs across the basal resources, as well as across the 394 
wider food web may result from several factors. Firstly, the chemical properties of 395 
pollutants (e.g. partitioning coefficients) might alter the accumulation of POPs and 396 
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generate differential accumulation across food webs. Characteristics such as polarity, 397 
hydrophobicity and lipophilicity (log KOW), as well as half-life (degradability), all 398 
influence the potential distribution of pollutants in the aquatic environment. For 399 
example, it has been previously shown that OCs have a high affinity for fine 400 
sediments58 and plant detritus59, whilst PBDEs have been observed in high 401 
concentrations in microbial biofilms60. Thus, it may be that the affinity of different 402 
pollutant groups varies across these resources, and the interaction between the 403 
chemical properties of the pollutants and basal resources (e.g. organic matter content, 404 
polarity, hydrophobicity) could explain variable distributions across compartments. A 405 
second potential explanation is that pollutants may be partitioned as a result of their 406 
sources across the environment. For example, OCs and PCBs are often more 407 
prevalent in sediment and benthic organic matter as a result of their remobilisation 408 
across catchments (e.g. de Perre et al.61). In comparison, PBDEs may be present in 409 
microbial biofilms as a result of their more contemporary emissions, greater aqueous 410 
concentrations and thus greater potential for storage in surficial biofilms (e.g. Bartons 411 
et al.62). Certainly, the presence of highly brominated congeners across the food web 412 
indicates the potential for recent or active emissions, as these congeners are liable to 413 
degrade into less brominated congeners in the environment63. Although all plausible 414 
explanations, the exact mechanism responsible for the observed partitioning of 415 
different chemical groups across the food web remains uncertain. Further research, 416 
across multiple food webs, is also required to understand whether these patterns are 417 
present across multiple systems, or whether this is an artefact of environmental 418 
conditions present in our study. 419 
Concentrations and the levels of bioaccumulation of all POPs in the T1 food web were 420 
related to variation in the biological traits of organisms. Some traits appeared to 421 
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consistently influence the concentrations of POP compounds, for example, affinity of 422 
organisms with different habitats in river systems (e.g. side pools, slow flowing regions 423 
of the channel and lowland systems), feeding behaviour (e.g. predator, filterer and 424 
grazer) and organism trophic level. Such patterns, in particular associations with 425 
feeding habitat, have been observed widely across aquatic food webs19,22,64–66. The 426 
other statistical relationships between ecological and behavioural traits further point 427 
towards the potential for the differential distribution of persistent compounds across 428 
the longitudinal and transversal profile of river systems. As a specific example, in the 429 
T1 food web organisms associated with side pools, twigs and detritus, as well as 430 
lowland stream systems exhibited higher OC, PCB and PBDE body burdens. Similar 431 
observations in tropical food webs for OCs reveal that slow flowing stream regions 432 
support greater volumes of fine sediment and detritus, facilitating an enhanced 433 
bioavailability and bioaccumulation of chemicals67. Yet, in general relationships such 434 
as this remain poorly understood. Other trait-pollutant relationships were specific to 435 
individual compounds. For example, OC bioaccumulation was greater in smaller 436 
organisms, potentially as a result of the biotransformation of compounds within larger 437 
invertebrates at higher trophic levels in the food web, as is shown for other organic 438 
pollutants68. The absence of this allometric relationship for PCBs and PBDEs may 439 
result from the fact that these chemicals are not rapidly transformed, e.g. the absence 440 
of PCB congener biotransformation in the tissues of mysids69. Here again, there is 441 
uncertainty about the basis for these relationships, especially as many processes 442 
related to the transformation of persistent chemicals are difficult to assess in natural 443 
systems without further information on chiral congeners69. 444 
The enhanced accuracy of predictions from trait-based models, in comparison to 445 
steady-state equations, complements previous research that suggests that the 446 
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biological and ecological characteristics of food webs strongly influences the levels of 447 
accumulation and magnification15. Furthermore, this supports previous studies which 448 
have also shown the relatively limited effectiveness of steady-state models (traditional 449 
first-order, single compartment models) for predicting field-based BSAFs for 450 
organisms within river food webs due to the fact these models do not encapsulate 451 
dynamic processes70. Trait-models, however, were only able to predict BSAFs with 452 
approximately an order of magnitude accuracy, and large variation in BSAFs were 453 
observed across the wider suite of river food webs. This points towards exogenous 454 
drivers of variation in the bioaccumulation of POPs across these food webs. The 455 
unexplained variation likely results from differences in the bioavailability of POPs 456 
across sites or significant differences in the structure of the food webs. We thus 457 
suggest that the trait-based models presented here explained existing variation in 458 
bioaccumulation associated with biological traits, yet environmental variation and 459 
remaining broad-scale biological variation, relating to food web structure, perturbed 460 
accurate predictions. 461 
Although only marginally better than existing methods in this study, the development 462 
of trait-based analyses is important, with several potential benefits. Firstly, modelling 463 
with invertebrate traits, that are conserved across continental scales71, provides a 464 
potential technique for large scale monitoring of the ecological risk from contaminants. 465 
Based on the assumption that taxa with similar biological traits respond similarly to 466 
pollutant exposure, the problems associated with highly variable regional taxonomy, 467 
and thus challenges in estimating risk for individual species, could be avoided. 468 
Secondly, such methods present an opportunity for early-warning tools to indicate the 469 
potential risk of bioaccumulation or ecological effects for organisms with specific 470 
combinations of biological traits. The development of such tools may contribute to 471 
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important next steps in improving assessments of risk relating to chemicals in advance 472 
of their introduction to the environment (see Godfray et al.72). More research is 473 
required to understand just how widely applicable trait-based methods are for 474 
predicting accumulation and ecological risk in different systems. 475 
In summary, findings from this study demonstrate the importance of transfer pathways 476 
and biological traits in influencing the bioaccumulation and trophic magnification of 477 
pollutants across a riverine food web. Specific groups of chemicals were shown to 478 
accumulate differentially, in response to a variety of resources and transfer pathways 479 
within the food web. Magnification occurred for all compounds, yet biological traits 480 
influenced the relationship between trophic level and observed bioaccumulation – 481 
indicating that organisms occupying the same trophic level may be differential 482 
exposed to POPs. Trait-based models relatively predicted the bioaccumulation of 483 
POPs across multiple samples sites in South Wales relatively accurately. The trait-484 
based model required less prior knowledge compared to other bioaccumulation 485 
models, such as AQUAWEB, and was based on publicly available trait data for 486 
freshwater invertebrates. This study demonstrates the importance of biological traits 487 
for the trophic transfer of pollutants and indicates the potential power of trait-based 488 
analyses for the prediction of food web scale ecotoxicological processes. 489 
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Tables 490 
Table 1. Concentrations of POPs in the T1 river food web. 
Sample Trophic 
level* 
Group Lipid 
(%) 
Concentration (ng g-1 ww)** 
∑PBDEs ∑PCBs ∑OCs 
Sediment*** 1.00 Resource 0.00 0.27 2.73 7.53 
Fontinalis spp. 1.00 Resource 0.02 ND 18.30 1.95 
Microbial biofilm 1.00 Resource 0.02 1.97 2.66 0.96 
Asellus spp. 2.00 Gatherer 0.06 0.54 ND 1.56 
Leuctra spp. 2.00 Shredder 0.09 1.10 12.24 7.68 
Rhithrogena semicolorata 2.00 Grazer 0.15 2.03 ND 6.70 
Caenis spp. 2.00 Gatherer 0.06 1.22 ND 6.92 
Naididae 2.00 Gatherer 0.11 1.34 ND 2.87 
Ecdyonurus spp. 2.00 Grazer 0.15 1.19 1.70 2.54 
Baetis spp. 2.00 Grazer 0.15 3.64 0.56 4.86 
Radix spp. 2.00 Grazer 0.05 1.35 4.40 6.30 
Heptagenia spp. 2.00 Grazer 0.03 1.65 3.81 2.40 
Eiseniella tetraedra 2.00 Gatherer 0.09 2.00 11.87 6.09 
Lepidostoma hirtum 2.00 Gatherer 0.15 1.36 ND 24.28 
Simuliidae 5.20 Filterer 0.08 1.12 0.66 0.36 
Serratella ignita 5.24 Grazer 0.18 1.78 1.18 7.09 
Sericostoma personatum 7.60 Gatherer 0.32 9.82 1.30 90.98 
Gammarus pulex 8.06 Shredder 0.04 1.60 0.36 5.36 
Hydropsyche spp. 8.69 Filterer 0.11 7.60 1.39 55.93 
Polycelis spp. 8.77 Predator 0.39 8.29 1.65 127.94 
Platambus maculatus 9.44 Predator 0.05 6.18 11.24 11.58 
Rhyacophila dorsalis 9.98 Predator 0.14 1.67 ND 22.09 
Polycentropus spp. 10.14 Predator 0.19 1.89 ND 27.19 
Erpobdella octoculata 10.80 Predator 0.03 3.68 8.15 5.90 
Cottus gobio 11.09 Predator 0.50 32.70 78.60 45.84 
*Chain-averaged trophic level (see Table 2 for prey-averaged values), **ND = Not 
detected (below the limits of detection), ***Organic matter content was 0.04%
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Table 2. BSAFs and BMFs for PCBs, PBDEs and OCs across organisms in the T1 river food web. 
Sample 
Trophic level 
(averaged) 
Carbon ratio 
(Auto:Allo) 
BSAF BMF 
Chain Prey ∑PBDEs ∑PCBs ∑OCs ∑PBDEs ∑PCBs ∑OCs 
Asellus aquaticus 2.00 2.00 0.49 2.04 - 0.21 0.49 - 0.37 
Leuctra spp. 2.00 2.00 0.09 4.15 4.48 1.02 0.99 4.55 2.73 
Rhithrogena semicolorata 2.00 2.00 4.98 7.64 - 0.89 1.03 - 7.99 
Caenis spp. 2.00 2.00 0.50 4.59 - 0.92 1.09 - 1.58 
Naididae 2.00 2.00 0.49 5.06 - 0.38 1.20 - 1.63 
Ecdyonurus spp. 2.00 2.00 5.01 4.48 0.62 0.34 0.61 0.64 0.37 
Baetis spp. 2.00 2.00 2.00 13.68 0.20 0.65 3.25 0.21 0.68 
Radix spp. 2.00 2.00 0.49 5.07 1.61 0.84 1.21 1.64 0.60 
Heptagenia spp. 2.00 2.00 2.01 6.21 1.40 0.32 1.48 1.42 1.15 
Eiseniella tetraedra 2.00 2.00 0.11 7.51 4.35 0.81 1.79 4.41 1.67 
Lepidostoma hirtum 2.00 2.00 0.49 5.12 - 3.22 1.22 - 1.26 
Simuliidae 5.20 3.49 0.49 4.19 0.24 0.05 1.00 0.33 1.28 
Serratella ignita 5.24 3.26 4.99 6.69 0.43 0.94 0.90 0.44 2.49 
Sericostoma personatum 7.60 3.29 0.51 36.95 0.47 12.08 7.13 0.72 0.51 
Gammarus pulex 8.06 3.44 0.02 6.02 0.13 0.71 0.99 0.09 1.01 
Hydropsyche spp. 8.69 3.31 0.37 28.60 0.51 7.42 5.64 0.43 3.77 
Polycelis spp. 8.77 3.61 0.39 31.19 0.60 16.98 7.55 0.50 26.63 
Platambus maculatus 9.44 3.58 0.17 23.24 4.12 1.54 23.24 5.42 6.65 
Rhyacophila dorsalis 9.98 3.29 0.62 6.28 - 2.93 0.85 - 6.41 
Polycentropus spp. 10.14 3.29 0.57 7.13 - 3.61 0.94 - 1.97 
Erpobdella octoculata 10.80 3.55 0.52 13.84 2.99 0.78 96.91 20.90 51.96 
Cottus gobio 11.09 4.23 0.56 123.03 28.79 6.08 9.62 22.73 2.89 
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Table 3. Results of predictive trait-based models relating biological traits to POP 
BSAFs in the T1 food web. Relationships are presented as trait affinities within 
grouping features (see Methods and materials). Data were derived from both fuzzy-
coded trait databases and food web data. 
Pollutant AICc R2 Grouping feature (trait) Effect ( SE) t p 
 PBDEs 38.40 0.69 Trophic level 
(Chain averaged) 
0.11 
(0.03) 
3.46 0.003 
Feeding behaviour 
(Functional feeding guild) 
1.93 
(0.71) 
2.78 0.081 
Longitudinal distribution 
(Estuary) 
-3.27 
(1.23) 
-2.65 0.017 
Substrate  
(Microphytes) 
-2.36  
(3.01) 
-0.79 0.445 
Reproduction 
(Isolated cemented eggs) 
0.64 
(0.25) 
2.56 0.021 
 PCBs 76.81 0.47 Trophic level  
(Chain averaged) 
0.17 
(0.19) 
0.87 0.235 
Feeding behaviour 
(Functional feeding guild) 
1.71 
(1.36) 
1.25 0.027 
Longitudinal distribution 
(Estuary) 
-5.30 
(4.27) 
-1.81 0.201 
Transversal distribution 
(Banks and side pools) 
2.57 
(2.73) 
0.95 0.113 
Respiration  
(Gills) 
-1.91 
(1.23) 
-1.55 0.042 
 OCs 54.10 0.84 Trophic level 
(Chain averaged) 
0.14 
(0.06) 
2.77 0.019 
Feeding behaviour 
(Functional feeding guild) 
1.77 
(0.55) 
3.23 0.009 
Dispersal mode 
(Active aquatic) 
3.21 
(0.82) 
3.91 0.003 
Reproduction 
(Clutch cemented eggs) 
0.40 
(0.22) 
1.83 0.098 
Substrate 
(Twigs and detritus) 
-0.55 
(1.51) 
-0.55 0.593 
Saprobity  
(Oligosaprobic)  
4.57 
(0.83) 
5.49 <0.001 
AICc = Corrected Akaike Information Criterion; Effect = Effect size from GLM; 
SE = standard error; t = t-statistic from a Wald test. 
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Figures 491 
 
Fig 1. Location of the T1 sample site. T1 is part of a wider network of sites across 
South Wales which are used here for the validation of trait-models.  
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Fig. 2. Quantitative food webs representing the flux of organic matter through 
the T1 river food web. Data used to construct food webs were collected from monthly 
samples over an annual cycle (2016–2017). Food webs were summarised into four 
approximate trophic levels: the lowest bars are basal resources, the middle bars are 
primary and secondary macroinvertebrate consumers respectively, and the top bar is 
a predatory fish taxon (Cottus gobio). The relative height and width of bars correspond 
to the concentration of POP groups (PBDEs, PCBs and OCs) and the total 
consumption (total biomass flux from resources to consumers) for each taxon, 
respectively (see inset scales). The width of bars for basal resources relates to the 
total consumption of the resource by macroinvertebrate consumers (total flux from 
each resource to consumers). Black triangles linking the trophic levels are the 
contributions of resource fluxes to production in each consumer, aggregating to total 
inflow. The concentrations of each group of POPs measured in the tissues of 
organisms are reported on a wet weight basis (ng g-1 ww). 
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Fig. 3. Predicted versus observed POP BSAFs for trait-based and steady-state 
models data across river food webs in South Wales (UK). (A) Data from the T1 
food web. (B) Trait-based model predictions for validation data. (C) AQUAWEB 2.0 
predictions for validation data. Validation data from Windsor (2019). Individual data 
points represent BSAFs calculated for individual organisms. Solid black lines indicate 
a 1:1 relationship between observed and predicted BSAF values. PCBs were excluded 
from statistical analyses due to the low detection frequency in chemical analyses, and 
thus the restricted proportion of explained variance in models which reduced the 
predictive ability of the trait-based model (presented here as hollow points).  
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